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Abstract

Althoughimportant contributions on face recognition
have been recently reported, few are focusel on how to
robustly recognize expressionvariant facesfrom aslittle
as one single training sampleper class. Since learning
cannot generlly be applied when only one sample per
classis available, matching techniques (distance mea-
sures) are usually employel instead (e.g. correlations).
However, distance measuresgenenlly attempt to match
all features with equal importance (weighting), because
not only it is dicult to know which features are more
useful (for classi cation), but whenor under which cir-
cumstanes this happens. For example,when recogniz-
ing faces in the original image space (e.g. using the
Euclidean distance{correlation), it is not known which
pixels are more and which are less appropriate to be
usal. In this contribution, we use the optical ow be-
tween the testing and sample images as a measure of
how gaod each pixel is. Pixels that have a small ow
will havehigh weights, pixels with a large ow will have
small weights. Our experimental results showthat the
methal proposal in this contribution outperforms the
classial Euclidean distance (correlation) measure and
the PCA approach.

1 Intro duction

In the past decadeor two, considerableprogresshas
beenmadein facerecognition. As aresult, we now have
systemsable to identify faceseven when the training
and testing faceimagesdivergein orientation (e.g. [3,
14, 117]), illumination conditions (e.g. [2]) or when the
testing faces are partially occluded (e.g. [9]). Also
some progress has been made to recognize duplicate
images[12]. A \duplicate" imageis an image of a face

that is taken at a di erent time, weeks,month or years
later.

A lessstudied problem is the recognition of expres-
sion variant faces. This problem can be formulated as
follows: \how can we robustly identify a person'sface
for whom the learning and testing imagesdi er in fa-
cial expression?". In this cortribution, we introduce
a method to deal with this expressionvariance prob-
lem. Also, we will assumethat only a single sample
per classis available to the system, which makes the
problem more challenging.

Since learning cannot generally be applied when
only one sample image per classis available, match-
ing techniques are usually employed instead. In face
recognition roles, the correlation technique is widely
used, becauseit has been shown to generally obtain
superior recognition rates than the classicalPCA and
other appearance-basedpproacies|5, 1]. If all of the
imagesare normalizedto have zeromeanand unit vari-
ance, then the correlation betweenan image | and an
image T (both imagesof n pixels;i.e.,| and T 2 <")
is equivalert to the Euclidean distance in the original
array of pixels spacel[6],

ki Tk 1)

where, kak = (a'a)'™2. Under this scheme, an image
in the test setis classi ed (identi ed) by assigningto
it the label of the closestsamplein the learning set.
However, correlations are not well suited for those
caseswhere the training and testing imagesdivergein
facial expression. Generally, the more the facial ex-
pressiondisplayed on the testing image divergesfrom
the onedisplayed on the training sample(s),the worse
the recognition rates will be. An exampleis depicted
in Fig. 1. In this example, the neutral face images
of a group of 100 people were taken as sampleimages
(Fig. 1(a)) and the happy, angry and \screaming" face
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Figure 1. (a-d) Examples of images from the
AR database. (e) Results of the correlation
approach (see text).

images (Fig. 1(b-d)) were used for testing. Fig. 1(e)
displays the recognition rates obtained using the corre-
lation approad for eat group of testing images. Note
that the recognition rates vary asthe facial expression
displayed on the face changes.

Someauthors have proposedapproactesto dealwith
such variations. Notably, Beymer and Poggio [3] pro-
posedto morphed the testing imagesto equalin shape
the training one. Howewer, and, as adknowledgeby the
authors themseles, this is not always possible,because
sometexture information might be missingin the test-
ing image (e.g. closedeyes).

In a recert work [10], we proposeda method that
couplesthe geometric (shape) information of the face
with the texture one. In our formulation only a sin-
gle sampleimage per classis required. Our matching
method proposedhere givesmore importance to those
areasof the facethat changelessbetweenthe learning
and the testing images, and lessimportance to those
areasthat change more. For example, if the image of
Fig. 1(a) is usedfor training and the imageof Fig. 1(d)
is usedfor testing, it seemsreasonableto assumethat
the eyes and mouth area will not be good candidates
for matching purposes. In this example, the forehead
and the laterals of the cheeksmight be better candi-
dates (becausethese are the areasof the facethat are
lessa ected by the active musculature). With such an
approad, a method that determineswhich areasof the
facechangemore and which areaschangeless(between
the training and testing images)is needed.In this pa-

per, we usethe optical ow betweenthe training and
the testing imageasa measureof visible texture change
due to muscular activity. More formally, we de ne the
optical ow (F 2 <") betweenthe training and testing
image as,

F = Optical Flow(l; T): 2

We can now substitute eq. (1) for a weighting dis-
tance (measure) which gives more importance to the
areasof the facethat are more similar betweentrain-
ing and testing imagesand lessimportance to the less
similar areas. This can be readily implemented by
weighting ead pixel distance with a weighting factor

kw (I T)k 3)

Obviously, the manner in which one assignsthe
weights (so that they are inversely proportional to the
magnitude of the ow image) is critical, and, di erent
alternativeslead to di erent results. Unfortunately a
best solution does not exist. In this paper, we ana-
lyze dierent alternatives and report comparison re-
sults with two public available face databases,the AR-
face database[8] and the JAFFE dataset [7].

The approac de ned herecould alsobe extendedto
deal with illumination changesby meansof an optical
ow approad capable of estimating the illumination
changeof an scene.

2 Weighted Euclidean distance
2.1 Optical ow

To calculate the optical ow between the training
and testing images,we useBlack and Anandan method
[4]. We choosethis approadc becauseit usesrobust es-
timators which resulted to be very useful in detecting
the image o w discortin uities dueto independert mus-
cle movemerts of the face.

Most of the techniques for recovering optical ow
exploit two constraints on image motion: data conser-
vation and spatial coherence. The data consenation
constraint is basedon the obsenation that in general
the brightnessof a surfacedoesnot changein time, al-
though its position may change. This can be formally
expressedas,

Gy, )= I(x+u ty+v tit+ t) (4)

wherel (x; y;t) is the imagepixel (x; y) at time t, (u; V)
is the horizontal and vertical velocities and t is small.



The corresponding image motion constraint derived
from the rst-order Taylor seriesexpansionis

ZZ
Ep = (Ixu + lyv + 1) dxdy (5)

where (Ix;ly) and | are the spatial and time deriva-

tives of the image, and, is an estimator. The

most classical estimator is the least-squarefunction,
(x) = x2.

The spatial coherenceconstraint embodies the as-
sumption that surfaces are innite and, therefore,
neighboring pixels are expectedto belongto the same
surface. This allows us to imposea \smoothness" con-
straint on the motion of neighboring points in the im-
ageplane. The most common formulation is the rst-
order model

zz
Es = (r (u;v)) dxdy (6)

wherer denotesthe gradien.

The objective function for the regularization ap-
proach is Ep + E s, where controls the relative im-
portance of the data consenation and spatial coherence
terms.

The advantage of Black and Anandan method in
front of others, is that it usesrobust estimators rather
than the classical least-square function. This allows
the systemto detect outliers, i.e. pixels (areas) of the
images where one or both constraints are not satis-
ed. This method was found to be very useful in our
application, becausethe robust estimators can accu-
rately detect the motion discortinuities due to inde-
pendert (opposite) muscle movemerts of the face. In
the experiments reported in this paper, the estimator

(x) = log 1+ 1=2(x= )? (where is a constart; see
[4] for details) wasused. Fig. 2 shovs someexample of
the optical ow betweentwo faceimageswith dierent
facial expressions. The rst two examplescorrespond
to the deformation that the left face image needsto
do in order to equalin shape of the right face image.
The last two examplesshow the morphing neededto
transform the shape of the left imagesinto the shape
of the face displayed on the right image. Note that in
the last two casesthe optical ow compensatesfor the
shape changesdue to subject variability, and, for the
shape changesdue to di erences in facial expression.

2.2 The weights

We now needto de ne the weights that are to be
usedin eq. (3). This is a dicult task that unfortu-
nately doesnot have an analytical solution and, thus,
many alternative can be proposed. Three possibilities

Figure 2. Optical o w examples.
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Figure 3. The weighting functions.



are de ned below. Results comparing these alterna-
tivesare reported in section 3.

The easiestor most obvious weighting factor is the
onethat linearly changesas a function of the value of
the magnitude of the ow,

wi = MAXE kFik (7)

where M AX ¢ = maxgjkFik. A graphical represena-
tion is shavn in Fig. 3. Alternativ ely, M AX g can
represen the maximum value that kF;k is ever ex-
pected to be. In this case,M AX g can be obtained
from studying a large set of samplesor by using a fa-
cial muscle model which (accurately enough) predicts
the maximum physical displacemen possibleof a face
displayed in an image of xed size.

Although eq. (7) seemsa reasonableoption, some-
times it is more conveniert to give high weights to
those pixels of the image that change very little and
low weights to the rest. We expressthis as,

1
S K KFk ®)
wherek is a constart. SeeFig. 3.
Yet another alternative consists in assigning low
weights only to those pixels that have a very large ow
magnitude (Fig. 3). Mathematically,

1
Wit F K (kK+ MAXF)

(k+ MAXE):  (9)

It is generally interesting to normalize the weights
to make the nal identi cation results consistert and
comparablep ead other. Mathematically, w; = w;=M
whereM = L w;.

2.3 Matching process

Given a set of sample images I(c) with ¢ =
people)and atesting image T , we work asfollows. (We
assumel (¢) and T 2 <".) We normalize all of the im-

agesto have zero meanand unit variance. The optical
oW image vectors between ead classimage and the

After normalizing the weights, eq. (3) is usedto com-
pute the similarity between each sample image class
I(c) and the testing image T,

we(c) = kW (I(c) Tk (20)
The closestsampleimage determinesthe class,

ResClass = argmin ; wc(c): (12)

3 Experimental results

In order to test the above described system we
use two publicly available face datasets, the AR-face
database [8] and the JAFFE (Japanese Female Fa-
cial Expressions) dataset [7]. Although other face
databaseswith a larger number of subjects exist (e.qg.
FERET), they are inappropriate to test the systemde-
signed here becausethey do not have a large number
of imagesper session(e.g. FERET only has 2 frontal
faceimagesper session).

In the JAFFE dataset, ten participants posedthree
examplesof six of the basic emotions: happiness,sad-
ness,surprise, anger, disgust and fear. Three neutral
face examples were also photographed. This makes
a total of 210 images. Each participant took images
of herself while looking through a semi-re ected plas-
tic sheettowards the camera, which should guararntee
frontal face views. Hair was tied away from the face
to make all areas of the face visible. Light was also
cortrolled. An exampleof a set of the se\ven imagesof
a participant is shown in Fig. 4.

The AR-face database consists of images of the
frontal view facesof 126 people. Those images with
frontal illumination and di erent facial expressionsare
selectedfor the test described in this paper; that is a
total of 4 imagesper person. The dierent facial ex-
pressionsare: happiness,anger and \screaming" face.
The fourth image correspondsto a neutral expression.
For the experiments reported below, 100 individuals
were randomly selectedfrom this database, giving a
total of 400images. Theseimagesfor one subject were
shown in Fig. 1(a-d). All imageswere taken by the
samecameraunder tightly cortrolled conditions of il-
lumination. Viewpoint was also cortrolled.

In this section, we will comparethe correlation ap-
proach with the weighted Euclidean distance proposed
in this paper with regard to only the identi cation of
faces,independertly of any localization, scaleand ori-
entation related issues. Therefore, we have manually
carried out the localization step, followed by a warp-
ing step so that ead face occupiesa xed size array
of 165 by 120 pixels. This is a required step if images
are to be comparedwith distance measureq3] and has
proven to aid identi cation [9].

3.1 Basicemotions: JAFFE tests

It is interesting to seethe extent to which the clas-
si cation results of the systemdescribed above outper-
form the classicalcorrelation approach when the basic
emotions are displayed on the face imagesby means
of facial expressions. For this purpose, the following
test was performed. One of the three neutral imagesof
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Figure 5. Results for the JAFFE dataset.

ead of the personsin the JAFFE databasewas ran-
domly selectedand usedassampleimage(i.e., atotal of
10images). All three examplesof the six basic expres-
sionsin the database(i.e., happiness,sadnesssurprise,
anger, disgust, fear) were usedfor testing (i.e., a total

of 180images). Results (of the classi cation of images
by identit y) using the correlation approad (corr) and
the weighted Euclidean distance proposedin this paper
are shown in Fig. 5. Note that our method has three
dierent results (W1, W2 and W3), corresponding to

the three possibleweighting functions described in egs.
(7, 8 and 9) respectively; with k = 1. The results
reported here, suggestthat our method outperforms
the correlation approad for all but the fear expression
(for which the correlation technique wasthe best). We
can also seethat while eq. (7 and 8) led to superior
results, eq. (9) did not and, therefore, might not be a
good choice. The problem with eq. (9) is that all pixels
are usedexceptthosewith assaiated large o w, which
makes the system little dierent from the correlation
technique.

3.2 The AR-face databasetests

The results reported above are useful for analyzing
how good or bad our method is in classifyingfaceswhen
di erent emotionsare displayed on the testing faceim-
age. Howewer, the number of peoplein the JAFFE
databaseis too small to allow conclusiwe results. The
AR-face databaseallows us to test the expressionvari-
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Figure 6. Results for the AR database .

ance problem with a much larger group of people
(classes). For this second experimert, we randomly
selected100 individuals of the AR-face database. The
neutral expressionimageswere used as sampleimages
(i.e., a total of 100 images). The other three expres-
sions (i.e., happiness, anger, \screaming") were used
for testing (i.e., a total of 300images). Results for the
correlation and the weighted Euclidean distance ap-
proach are showvn in Fig. 6. Again, for our method
three results are displayed, corresponding to the three
possible weights de ned earlier. We have also added
the results one would obtain by using an 80 dimen-
sional PCA represenation as de ned in [13]. As ex-
pected [5, 1] the PCA approadc performs worse than
the correlation method, but requireslessstorage. The
last barsin Fig. 6 arethe results obtained with a group
of human subjects (details are in [10]).

In this secondtest, the dierence in performance
(betweenthe correlation measureand the weighted Eu-
clidean distance) was more notable than in the rst ex-
periment. This is due to the fact that a much larger
number of classeswas used, leaving room for improve-
mert.

The results shavn in Fig. 6 wereobtained by usinga
singleimagefor training (the neutral expressionimage)
and the other three imagesfor testing. Alternativ ely,
we can usethe smiling or the angry or the \screaming"
facesfor training and the other three for testing. This
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Figure 7. Results for the AR database .

is shawvn in Fig. 7(a), where in the x-axeswe specify
the image usedfor training. The generl mean repre-
sens the expected results when either image is used
for training. We seethat W1 and W2 are the most
adequateweights to use.

Fig. 7(b) doesthe sameas (a) but for duplicate im-
ages. The x-axesspeci es the image (of the rst ses-
sion) usedfor training. For testing the four imagesof
the secondsession(neutral, happy, angry and scream)
were used. In this caseonly W1 producessuperior re-
sults to simple correlations.

4 Conclusions

In this paper, we have shawvn that it is possiblefor
an automatic facerecognition systemto compensatefor
expressionvariant facesevenwhenonly a singlesample
imageis available. To do this, we have preseried a new
distance approad which automatically assignsweights
to ewery pixel distance on the basisof how similar the
muscular activity of the area of the test faceis to that
of the sampleimage. We have shavn that our method
outperforms the correlation and the PCA approades.

References

[1] P.N. Belhumeour, J.P. Hespanha and D.J. Kriegman,
\Eigenfaces vs. Fisherfaces: Recognition using classspe-
cic linear projection,” IEEE Trans. PAMI 19(7):711-
720, 1997.

[2] P.N. Belhumeour and D.J. Kriegman, \What is the
Set of Images of an Object Under All Possible Lighting
Conditions," Int. J. Comp. Vision, 1998.

[3] D. Beymer and T. Poggio, \F ace Recognition from One
Example View," Science272(5250), 1996.

[4] M.J. Black and P. Anandan, \The robust estimation of
multiple motions: Parametric and piecewise-smoth ow
elds," Comp Vis Image Under 63(1):75-104, 1996.

[5] R. Brunelli and T. Poggio, \F ace Recognition: Features
versustemplates," |IEEE Trans. PAMI 15(10), 1993.

[6] K. Fukunaga, \Introduction to Statistical Pattern
Recognition (2nd edition)," Academic Press, 1990.

[7] M.J. Lyons, M. Kamachi, J. Gyoba and S. Akamatsu,
\Co ding facial expressionswith Gabor wavelets," Proc.
IEEE Aut. Faceand Gesture Recog., pp. 200-205,1998.

[8] AAM. Mart nez and R. Benaverte, \The AR face
database," CVC Tedc. Rep. #24, June 1998.

[9] A.M. Mart nez, \Recognizing Imprecisely Localized,
Partially Occluded and Expression Variant Facesfrom a
Single Sample per Class," |IEEE Trans. PAMI 24(6):748-
763.

[10] A.M. Mart nez, \Matc hing Expression Variant Faces,"
Vision Researd, in press

[11] B. Moghaddam and A. Pentland, \Probabilistic visual
learning for object represertation,” |EEE Trans. PAMI
19(7):696-710,1997.

[12] P.J. Phillips, H. Moon, P Raussand S.A. Rizvi, \The
FERET evaluation methodology for face-recognition al-
gorithms," |EEE Trans. PAMI 22(10):1090-1104,2000.

[13] M. Turk and A. Pentland, \Eigenfaces for recogni-
tion," J. Cognitive Neuroscience3(1):71-86, 1991.

[14] T. Vetter and T. Poggio, \Linear Object Class and
Image Synthesis From a Single Example View," |EEE
Trans. PAMI 19(7):733-742,1997.



